We present an indoor positioning system that measures location using disturbances of the Earth's magnetic field caused by structural steel elements in a building. The presence of these large steel members warps the geomagnetic field in a way that is spatially varying but temporally stable. To localize, we measure the magnetic field using an array of e-compasses and compare the measurement with a previously obtained magnetic map. We demonstrate accuracy within 1 meter 88% of the time in experiments in two buildings and across multiple floors within the buildings. We discuss several constraint techniques that can maintain accuracy as the sample space increases.
INTRODUCTION
In order to provide accurate guidance, navigation systems require accurate measurements for user position and orientation.
There are a number of successful strategies for outdoor navigation, like GPS, but indoor navigation must necessarily use different sensing techniques. Indoor localization has relied on other infrastructures [4, 12] , such as wireless access points and Bluetooth beacons.
We have been developing a handheld projector-based AR navigation assistance system, Guiding Light, for pedestrian navigation inside buildings [19] . Such a service requires a positioning system that delivers both accurate location as well as direction; otherwise the information projected onto a floor or on a wall may cause confusion due to improper mapping of the real and augmented views.
We have observed that e-compasses behave erratically inside buildings because steel and concrete skeletons distort the geomagnetic field: the compass doesn't point to the correct direction -our data shows an average of 45 o error from the ground truth direction, and this error varies with location. As we mapped the distortions in order to calibrate our e-compasses, we noticed that the distortions differ among locations. By using these distortions as map features, we can localize the user.
Although previous work has explored using magnetic field measurements as a positioning tool, their methods rely on odometry sensors or constrained movement models [8, 9, 10, 11] . We will discuss the differences between our approach and previous magnetic field-based tools in more detail in the related work section.
The scope of this work covers i) results of identifying the characteristics of magnetic field signatures as reference fingerprints to locations, ii) the performance of the positioning system using only magnetic fingerprint matching, and iii) a simple method for reducing outliers and rejecting bad samples.
In the paper we will present our system in two design phases; i) the initial system design for investigating the characteristics of the indoor magnetic field and ii) the system design for a pedestrian navigation system. In the pedestrian system design, we further present results of the system evaluation in different indoor environments to provide insights about the performance of our fingerprint method. Lastly, we will present an experiment testing the stability of a building's influence on measurements of the earth's magnetic field and its relationship with our system's performance.
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RELATED WORK
Positioning systems are a core technology in mobile computing to provide the foundation for context-aware services, and there exist many such commercially available positioning technologies.
For outdoor environments, GPS is a widely used positioning system that relies on signal time-of-flight between orbiting satellites and a receiver. The technique does not provide orientation measurement, but moving direction can be inferred from a sequence of position updates. Unfortunately, GPS requires line of sight between the receiver and the satellites in order to provide accurate position, and thus the technique does not work well indoors [2] .
A few technologies have been developed for indoor positioning. The first indoor badge location sensing system, Active Badge [17] , was introduced by Want et al. in 1992. Want developed a cellular proximity system that uses diffuse infrared LEDs which emit a unique identifier periodically. The signal is picked up by nearby infrared sensors around the building to identify the location of the badge. A descendant system, Active Bat [18] , uses ultrasound time-of-flight lateration to measure an object's location within 9 cm of its true position for 95 percent of the measurements.
Recently, the most popular and inexpensive technology is WLAN (802.11)-based positioning. This approach uses two methods for localization: triangulation by measuring signal strength, or times of arrival from known access points (APs), and a fingerprint method to measure relative signal strength from nearby APs when the positions of the APs are unknown. The fingerprint method relies on a map of fingerprints (RSSI distribution) of corresponding locations in order to infer location [3, 4, 5] .
While the technologies mentioned above require specific types of devices installed in the environment, computer vision-based positioning systems [7] use visual information in the environment to map and track positions. Through optical input devices, such as cameras, visual features are extracted as spatial references, forming a 3D map. Newly acquired visual features are compared with the map to infer location and camera orientation. These systems can provide centimeter-level accuracy, but the main disadvantage of vision-based tracking is the computation power required. It can be difficult to run in real time on power-constrained devices such as mobile phones.
Instead of using the visual features of an environment as a reference, we can use the unique features of the indoor magnetic field to create a map. This requires less computation power and memory than computer vision, though the accuracy is lower. Using magnetic signatures for localization is a new approach which appears only a handful of times in recent literature.
Using a single electronic compass (that measures in only one plane) mounted on a robot, Siiksakulchai, Thongchai, Wilkes, and Kawamura [8] developed a localization system using the heading information of a magnetic sensor. Their system collected data and compared the experimental headings to what they actually should have been. At each location, they used the heading error from the current data as well as that from nine previous data points to create a distinctive signature that was then stored. This approach limits their work to localization only in corridors as the robot had to first pass through the same nine points in order to accurately recognize a location's signature. The benefit was that, initially placed anywhere, their robot could eventually determine its position. It requires little computation time or use of memory in order to get the robot to recognize its location.
Haverinen and Kemppainen [9] used a very similar approach -equipping a robot with a single magnetic sensor that measured in all three planes. They ran their robot through a corridor and had it collect data at set locations to create a map of the hallway. They used Monte Carlo Localization (a particle filter) to accurately determine its location from any starting point. The maximum error was about 28 centimeters, though on average the robot needed to travel 25 meters in order to localize itself. Navarro and Benet [10] extended the idea of magnetic mapping to a two-dimensional area, using a single magnetic compass that measured in one plane. In order to create the two-dimensional map of the magnetic field, they relied on odometry to associate a certain location with unique magnetic readings. They treated the magnetic field as a continuous function in order to estimate magnetic field data at un-sampled points through bilinear interpolation. Then, running the robot in the environment, they used the current data about the magnetic field (and no data memorized from previous timesteps) to compare to the magnetic map to successfully correct positioning errors due to odometry failings.
In our work, we tried to investigate a self-localization approach that does not use odometry or any other model relying on data that are difficult to obtain from pedestrian motion.
SYSTEM
Our current system consists of a server that contains a magnetic fingerprint map and a client device that measures the magnetic signature of its current location. When the client collects the signature, it sends the data to the server for localization. The server compares the measurement with all the fingerprints stored in its map and reports back the position associated with the closest matching fingerprint. The server and client communicate via HTTP or via serial port when connected by mini-USB. Two separate processes, mapping and tracking, are required in order to infer a location, but the same device can be used for both. Our device design changed over the course of this project as we learned more about the problem. The initial device was designed to capture the magnetic signature with maximum accuracy, while the later system is designed for mobility and faster measurement. Detailed description will be provided in the later sections. Our investigation started with measuring the magnetic field inside a building along a ~25 meter corridor every 60 centimeters from a height of 1 meter. Our device is shown in Figure 1 . The purpose of the system is to map magnetic field distortion.
The Observed Characteristics of Indoor
We used an electronic compass (HMC6343 -3 axes magnetic sensor with internal tilt compensated algorithm [17] ) to measure the heading of the sensor. While measuring the heading, we used a stepper motor to rotate the sensor in a 5 cm diameter circle with 100 steps per rotation. We compared the measured heading with the actual heading.
As seen in Figure 2b , the deviation in heading varies significantly with position along the corridor. We suspect that the deviation errors correlate with the nearby building structure. It is important to notice that the variations between the four directions are also not equal. This means that the deviations occur on both large and small scales, otherwise we should see fluctuating parallel lines. Figure  2 .c amplifies the independent variation from other varying lines by subtracting the value of Step 0.
Initial Investigation for the System Design
To investigate the feasibility of using the fingerprints corresponding to positions, we built a system to collect two Step 0
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Heading datasets: one for creating the magnetic field fingerprint map, and the other for testing the localization performance. The goal of the investigation is to measure the sensitivity of the magnetic signature to determine the resolution of the fingerprint corresponding to accuracy of the system.
The measurement was conducted in a lab building (shown in Figure 3 ) that houses machine shops, machine rooms for servers, and desktop computers -very similar to settings in a computer science lab. The framework of the building consists of steel and concrete. For fingerprint mapping, as we continued to use the same method we collected data every 60 cm along the corridor 1 m above the floor around a 5 cm diameter circle every 3.6 degrees parallel to the floor. In this measurement, magnetic field B was measured with a three-dimensional vector m = {m x m y m z } produced from the HMC6343. Locations and directions are indexed on each collected data such that data can be identified with the indices E L,K = {m 0,1 … m 0,99 … m 59,0 … m 59,99 } where L is the index for location along the corridor and K is the index for direction. We have collected a total of 60 location points X 100 directions = 6,000 data features.
Algorithm
Our primary method for finding location is based on calculating the least root mean square (RMS) difference between each location point d in the test dataset and the map dataset E. The following expression also accommodates the principal method we used with finding the nearest neighbor; given a map dataset E and target location fingerprint d, then a nearest neighbor of d, d' is defined as: o . In our analysis, we computed all combinations in the map dataset corresponding to d k in order to find the correlation between the number of features and accuracy. The purpose of this analysis is to estimate the most cost-effective number of sensors that can be placed in a circumference, which has been emulated by a stepper motor collecting data around the circle. 
Initial findings

Result
The confusion matrix of RMS errors between the map dataset and test data set using d 4 , as shown in Figure 4 , provides us an overview of how well localization using the magnetic fingerprint method would work. As seen in Figure 4 , most of the lowest RMS differences are along the line where x and y match, but there are some outliers. In total, our method has an err mean = 3.05 m, err sd = 4.09 m err max = 15 m, and 70 % of the predicted data had errors of less than 2 meters. Since a magnetic reading depends on position and orientation, we can use our fingerprint map to predict the orientation as well. Using the fingerprint with lowest RMS to predict the heading, our result shows that predicted heading has a mean angle difference from the true heading of 4.017º (SD = 4.6º) as shown in Figure 6 .
Encouraged by the promising results of this analysis, we built a more portable device that can perform localizations in real time. In the next section we will provide an evaluation of this system and show the performance across several environments in the building. 
SYSTEM FOR PEDESTRIAN LOCALIZATION
With the new design, we have extended the map to include a larger area in two different buildings that are connected through two pathways. The goals of this design are i) to extend the system to provide a wearable device for humans; ii) to use the system on a larger scale; iii) to compare the performance within different structural environments, such as corridors and an atrium; and iv) to compare the fingerprint maps between similar corridors on different floors.
System Description and Setup for Evaluation
We have created a prototype with 4 sensors (Figure 7 ) of the same type used in the previous chapter, with an Unlike the previous device, this one is meant to be worn on the chest, so as to prevent arbitrary rotation. This changes the sensor to be in the vertical plane, instead of the horizontal plane, as in the last section. The magnetic field has similar variability in all three x, y and z axes (Figure 13 b, c, and d), so the sensor will behave similarly despite being in a different plane. To construct the fingerprint map, the sensor device was attached to the back of a chair, 4 feet above the ground, near adult chest height. To support location recognition from any orientation, the chair is manually rotated 360 degrees with a 28 cm radius at roughly constant speed for 12 seconds to collect 120 magnetic fingerprint samples at each measured location (each location has 2.6k bytes of fingerprint data). The reason for rotating the chair is to collect a set of representative fingerprints in a variety of directions at each location. We are not predicting orientation in this particular test, so we do not need to accurately measure the orientation while mapping, and this saves considerable time The 35-meter corridor took about 12 minutes (ignoring movement time between locations) to collect a single trace of magnetic fingerprints. The test data were collected with the device attached to a person, sampling fingerprints in the place where the fingerprint map had been created. On the corridors in Figure 8 .a, we collected fingerprints in the middle of the corridor in 60 cm steps to construct the map. We measured and marked the floor to capture this accurately, and we allowed people to walk through the area during measurement. The corridor is surrounded by a wall made of steel-framed wooden panels and glass walls and is approximately 2 meters wide, on average. Similarly, we mapped the atrium on a 13.8 x 9.9 m 2 grid 60 cm apart on the floor. Inside of each cell in the grid, we collected fingerprints at a 10 Hz sample rate, rotating the chair with a period of 12 seconds to capture samples in all directions. On the grid (Figure 8 .b) we have produced a map with a total of 40800 fingerprints = 979.2 K bytes.
The test data set was collected in a similar manner, sampling one fingerprint per step, a week later than the creation of the fingerprint map. We used floor plans to estimate the coordinates of the fingerprint locations. Both map and test data were collected during the daytime.
We used a modified version of the RMS-based nearest neighbor searching algorithm for localization that was used in the previous section. As we use 4 sensors for sampling fingerprints, the data structure of the system is changed such that d contains four 3-dimensional vectors, m y1, m z1, m x2, m y2, m z2, m x3, m y3, m z3, m x4, m y4, m z4 ]. In addition, the data structure of the fingerprint map is defined as E L,K = [d 1,1 … d 1,k… d L,1 … d L,k ] where L is the index for location along the corridor and K is the component ID collected at location L.
In addition to raw vectors, we also consider using the unit vector u, and norm n, defined as follows: Figure 9 shows predicted versus actual point index for the corridor and atrium. Most of the points are correctly identified; however, there are some outliers which cause a large mean error, , and a large standard deviation of . The atrium had slightly worse performance, but a point index can be misleading since we measured in a grid: adjacent points in a grid will not necessarily have consecutive indices. To get a better sense of performance, we calculated error distances. Table 1 summarizes the localization experiment with the nearest neighbor searching algorithm. The result is computed based on 310 test data points compared to 37200 fingerprints in the map data set for the corridor experiment; 408 test data points were compared to 40800 fingerprints for the atrium experiment. The results of the experiments (applying no speed or moving direction constraints) using the entire search space are: err mean = 6.28 m ( err sd = 12.80 m, err max = 52.60 m) for the corridor and err mean = 2.84 m ( err sd = 3.39 m, err max = 12.82 m) for the atrium. The mean and deviation for the corridor are larger since the covered area is larger, encompassing 178m of corridors in two buildings. The overall performance looks better in the atrium experiment as the err mean is small. However, the corridor experiment has more room to produce an outlier far (maximum 73 meters) from the true position, whereas the maximum outlier the atrium can produce is small (15 meters Two general methods can be applied to reduce error: i) adding additional localization information via an external source and ii) applying constraint models in the algorithm, such as simple parameter adjustment or building a model, i.e., particle filters [15] . For additional localization, Bluetooth beacons or 802.11-based positioning systems (3-30 meter accuracy range) with an update rate in the range of a few seconds [4] can be used to filter outliers. Accuracy ranging from 2.5 to 8 meters in corridors and 2 to 5 meters in open spaces is observed from our informal experiments using the 802.11 RSSI fingerprint method [5] . The result of the experiment with varying limits on search space, shown in Table 1 , provides a possibility for potential enhancement of localization performance with a supporting localization assistant.
Evaluation
Results of performance in corridors and atrium
a. Least RMS errors in corridors
In our study, we applied constraints in our searching algorithm to reduce outliers. The table shows the result of applying constraints in our nearest neighbor (NN) algorithm by i) varying the search space from the last known position and ii) filtering the predicted position by adding conditions in our algorithm. In addition to d raw, we compute using d norm and d unit_vector to get the estimated position. The location results produced by the three different vectors are compared, and if they are close, we accept the position. This is defined as: |L' raw ↔L' norm | ≤ 1 or |L' raw ↔L' unit vector | ≤ 1, where L' is a location index of d' as defined in Equation 1 in the previous section. To get an initial position, we use the strategy of expanding the search space to its maximum and then reducing it to the target search space size. The result of overall performance of applying constraints is listed in Table 2 . The algorithm effectively filtered the noise : 88 % of the predictions fall under 1 meter of error in the case of the full search space in the corridor, and 86.6% do for the atrium. Figure 11 . Reduction of error using filters shown in the histogram of distance error.
Since this filter rejects inaccurate predictions caused by noisy measurements, multiple rejections can lower the update frequency. However, in our real-time tests, the device was able to produce updates faster than 1Hz. Using a search area constraint in our model can make it sensitive to noise and, more importantly, increases the likelihood of falling into the local minimum problem [16] . However, a more advanced model (such as a particle filter) could avoid this issue, at the cost of more computation power. 
Results of comparing overlapping corridors on different floors
Since overlapping sections of a building share the same or similar underlying steel structure, we wanted to compare the magnetic readings on different floors. We measured the magnetic vector along two overlapping corridors on adjacent floors in the building. Figure 13 shows the magnitude difference on each floor. Although the peaks of the varying magnitude of the magnetic field along the corridors show correlation, the magnitude of the field does not.
We also examined the fingerprint difference between floors using a dataset with 120 location points, 60 points from each floor. We tested in the corridor shown in Figure 3 (and Figure 9 .c) and the corridor directly underneath on the 2 nd floor. The basic layout along the corridor is the same, but some parts of the walls along the corridor are glass.
The result of the experiment shows that no points were mistakenly predicted to be on the wrong floor. 
Indoor magnetic field stability
The stability of the geo magnetic field inside of a building is critical to determining the long-term performance of our system. Since the field can be affected by many different elements, we examined 1) the magnetic field's stability inside of a building over time, 2) the effect of moving objects on system performance, and 3) the effect of objects carried by the user.
To examine this stability over time, we collected three datasets of 60 fingerprints along a corridor. Each dataset is collected at the same location but at different times. The collected data are considered as a vector set, M init , M 2_week , and M 6_month , where M init and M 2_week were taken two weeks apart and M init and M 6_month were taken a six month apart. We examine the similarity between the sets in terms of angle differences (Equation 2) and magnitude differences (Equation 3) as defined below: Figure 14 , validates that the magnetic field did not change over a six month period.
To examine the effects near moving objects, we tested several scenarios. We first measured the effect that a moving elevator has on localization by calculating RMS error as a function of distance from the elevator. We did this both with and without the elevator in place. Then, we tested the effect of smaller mobile objects by fixing the sensor location and measuring RMS error as the object is brought closer to the sensor. More specifically, we measured the effect of a work-bench (Figure 15 We compared the RMS errors caused by objects to RMS distances between fingerprints in the map. We find that the minimum RMS distance between any two measured points in our fingerprint map is 1.96 µT. In order for a measured location to still be resolved to the correct fingerprint, we assume that the RMS error caused by an object or other disturbance must be less than 0.98 µT. We consider this to be the error tolerance.
In most cases, the presence or absence of objects introduced an RMS error of less than 1 µT when the objects were 12.5 cm distanced apart. The one exception was standing next to the elevator. As shown in the Figure 16 , the overall error drops quickly with distance from the sensor. In the case of elevator, the RMS error drops below 1 µT when the sensor is about 1.3 meters away from the elevator whereas the work bench full of metal tools and electronic devices do not change the error very much. Similarly, errors measured in a room, with and without furniture, was also not significant (RMS error = 0.71 µT).
In the case of interference from carried objects such as a laptop, a cell-phone and a wrist watch, we note that the influence from these objects drops quickly as the distance increases to around 12 cm. Assuming the user is wearing the sensor as a badge-like device on his chest, any objects in their hands or in a backpack would be a sufficient distance away and thus have negligible effect. 
DISCUSSION AND CONCLUSION
Besides the empirical results shown in this paper, we observed successful tracking positions in different environments. One interesting observation from an experiment conducted in elevators collecting magnetic field fingerprints inside the car at every floor and tracking the location as the car moves up and down shows 100% accurate prediction at each floor. The experiments were conducted in two different elevators in two different buildings (one in a four story building, and another in a six story building).
This system was designed to work in a large building, but small scale positioning is also possible. Our informal result shows that within a 2x2x2 m 3 cubic area with 20 different locations in the fingerprint map, our system was able to differentiate locations separated by as little as 1.6cm. This example shows the potential to not only locate people in a building at the meter scale, but also at the centimeter scale, such as for tracking objects on a desktop. In future work we will investigate the technology's usage for object tracking and tangible interfaces.
This system is in an early design stage, and the purpose of our study is to show the system's most basic performance before applying more advanced probabilistic and statistical models. We provide an insight of how this system will work to support pedestrians with no constraints on moving and speed. Compared to other positioning technologies listed in Table  3 , our system performs reasonably well (precision of 90% within 1.64 meter accuracy) in positioning. Other systems have infrastructure overheads such as WLAN APs and beacons for broadcasting signals inside buildings which contribute additional costs. However, these systems have the advantage of fixed local references provided by the WLAN APs or beacons. When the device detects signals from a particular beacon, it must be within the broadcast radius of that beacon, which puts an upper bound on the distance error. Our system does not use fixed local references and hence an outlier could be placed at any location in the fingerprint map.
These outliers can be reduced by incorporating a more advanced prediction algorithm, such as a particle filter, which uses a movement model to reject unlikely positions. We also believe that by combining magnetic fingerprints with a WLAN RSS method (which can provide localization to within 10 meters, according to Table 3 ), we can effectively eliminate outliers and achieve 0.45m accuracy.
For hardware design choices, we wanted to make a device that was roughly the size of a cell phone. We found that a 5cm distance between sensors provided enough variability in magnetic field while still fitting our form factor requirement.
The limitation of the system is that the chance of error increases with the size of the fingerprint map, and the cost of mapping every space in a building may require significant effort and time using the presented method. In future work, we will investigate faster and more accurate methods of mapping a building.
